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Abstract

Recommendation systems commonly face selection bias
from missing-not-at-random (MNAR) collected data. To ad-
dress this bias, propensity-based methods such as inverse
propensity scoring (IPS) and doubly robust (DR) estimators
are widely used. In addition, many methods extend the vanilla
IPS and DR to further control the bias, variance, propen-
sity mis-calibration, and imbalance, but they only optimize
some of the above metrics, limiting the debiasing perfor-
mance. In this paper, we first empirically find that controlling
one metric cannot guarantee the control of other important
metrics, then we reveal a fundamental structural commonal-
ity among the above four important metrics, and propose a
Unified Propensity Optimization (UPO) framework that opti-
mizes all metrics simultaneously by a minimax optimization
algorithm. Theoretically, we demonstrate that minimizing the
UPO loss effectively controls all metrics, ensuring their si-
multaneous improvements without incurring additional bias,
and achieving reduced variance compared to naively adding
up multiple control losses in penalty terms. Empirically, ex-
periments on a semi-synthetic dataset and three real-world
datasets validate UPO’s effectiveness, demonstrating superior
performance compared to state-of-the-art methods with mi-
nor computational overhead. We fully open-source our code.

Code — https://github.com/yhc-666/UPO

Introduction
Recommendation systems (RS) are integral to personalized
decision-making in domains such as e-commerce, content
platforms, and healthcare (Yang et al. 2018; Zheng et al.
2022; Huang et al. 2023; Su et al. 2023; Lin et al. 2025a,b).
A critical issue affecting the performance of RS is selection
bias arising from missing-not-at-random (MNAR) in col-
lected training data, due to users are free to choose items to
provide feedback, resulting in the training data not a repre-
sentative of the target data (Ai et al. 2018; Wang et al. 2020;
Zhang et al. 2024; Zheng et al. 2025b; Zhang et al. 2025).

Causal Inference is widely used to address the MNAR
problem (Li et al. 2023e; Zhou et al. 2025b; Wu et al. 2025;
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Yang et al. 2025; Huang et al. 2025a,b). Specifically, Inverse
propensity scoring (IPS) addresses MNAR by reweighting
observed samples using learned propensity scores (Schnabel
et al. 2016; Saito et al. 2020). Doubly robust (DR) combines
propensity reweighting with error imputation, which is un-
biased if either the propensity score or the imputed error is
correct for all user-item pairs (Wang et al. 2019b). Neverthe-
less, IPS and DR estimators still struggle with the following
four aspects: high bias, high variance, mis-calibration, and
inadequate feature balancing (Imai and Ratkovic 2014; Guo
et al. 2017; Bonner and Vasile 2018; Kweon and Yu 2022).

Many DR-based methods extend the vanilla DR to miti-
gate the above issue, but they only control some of the met-
rics: DR-BIAS minimizes bias by adding bias as a constraint
term in DR loss (Dai et al. 2022), MRDR reduces vari-
ance by adopting variance as an imputation model loss (Guo
et al. 2021), and DR-Var, DR-GPL, and UMVUE-DR re-
duce bias and variance simultaneously by adding both con-
straints in DR loss (Dai et al. 2022; Zhou et al. 2023; Zheng
et al. 2024). In addition, DCE-DR improves calibration
by proposing a mixture of expert structures in propensity
and imputation models (Kweon and Yu 2024), and DR-V2
promotes feature balancing by minimizing balanced mean
squared error between observed and unobserved samples un-
der manually selected balancing functions (Li et al. 2023d).

However, all four metrics are important, and we claim that
control some of them cannot guarantee the performance of
remaining. To demonstrate this issue, we conduct a semi-
synthetic experiment on the MovieLens-100K (ML-100k)
dataset (Harper and Konstan 2015). We impute missing rat-
ings and generate true propensity scores (details in Experi-
ments Section), then evaluate six methods: four DR variants
optimizing specific metrics, one baseline DR-JL method,
and our proposed UPO on four metrics. Results in Figure 1
show that optimizing one metric cannot guarantee the per-
formance of remaining. For instance, DCE-DR achieves fa-
vorable calibration but underperforms in other metrics.

To address these limitations, we propose a Unified
Propensity Optimization (UPO) framework that optimizes
all metrics simultaneously by a minimax optimization algo-
rithm. Specifically, our contributions include:

• We reveal a structural commonality among four critical
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Figure 1: The performance of four metrics and six DR-based debiasing estimators under varying simulated propensity. The
propensities are simulated by pk, where k = 1, 2, 3, 4, 4 corresponds to ratings {5, 4, 3, 2, 1}. The methods from left to right
are DR-JL (blue), DR-V2 (orange), DCR-DR (green), DR-BIAS (red), MRDR (purple), and UPO (ours, brown).

metrics (bias, variance, calibration, and balancing), then
propose a unified minimax optimization algorithm.

• Theoretically, we demonstrate that minimizing the UPO
loss effectively controls all metrics, ensuring their simul-
taneous improvements without incurring additional bias,
and achieving reduced variance compared to naively
adding up multiple control losses in penalty terms.

• Empirically, experiments on a semi-synthetic dataset and
three real-world datasets validate UPO’s effectiveness,
demonstrating superior performance compared to state-
of-the-art methods with minor computational overhead.

Related Work
Selection Bias. Selection bias arises when user feedback is
MNAR, making observed interactions systematically differ-
ent from the full preference distribution (Chen et al. 2022;
Li et al. 2024b,d; Pan et al. 2025). Inverse Propensity Scor-
ing (IPS) method addresses this issue via reweighting each
observed sample reciprocally by its probability of being ob-
served, but it suffers from instability and high variance given
extreme propensities (Schnabel et al. 2016). Doubly robust
(DR) method integrate IPS and error imputation, but it still
retains issues of large variance, propensity mis-calibration,
and insufficient feature balancing (Wang et al. 2019b; Saito
2020b). Beyond classical IPS/DR estimators, the commu-
nity has explored several directions. Weak-/semi-supervised
learning and counterfactual modeling approaches aim to
leverage unlabeled feedback (Wang et al. 2025b; Zhou et al.
2025a; Wu et al. 2025). Recent works focus specifically
on propensity estimation refinement, a shared component
in IPS/DR (Ma et al. 2018; Ding et al. 2022; Wang et al.
2022; Li et al. 2023a; Wang 2024; Li et al. 2024c; Wang
et al. 2024; Zheng et al. 2025a). One of its research lines
devotes to directly regularizing key evaluation metrics of
learned propensities (Zhou et al. 2025a; Wang et al. 2025a).
Feature Balancing. A well-estimated propensity model
should balance features distributions across observed and
unobserved samples (Imai and Ratkovic 2014). IPS-V2/DR-
V2 enforce this balance via Balanced Mean Squared Error

(BMSE) metric (Li et al. 2023d, 2024a). Its kernel-based ex-
tensions (AKBIPS/AKBDR) adaptively optimize balancing
in reproducing kernel Hilbert spaces, controlling both bias
and variance (Li et al. 2024e).
Calibration. Calibration concerns how well predicted
propensities reflect true probabilities of being ob-
served (Wang et al. 2025c). Foundational work such
as temperature scaling and Bayesian binning provides a
standard evaluation metric as expected calibration error
(ECE) (Naeini, Cooper, and Hauskrecht 2015; Guo et al.
2017). Recent RS-specific approaches include DCE-DR,
which improves calibration through a mixture-of-experts
structure and evaluate performance by the bin-wise
ECE (Kweon and Yu 2024); Cali-MR, which employs
gradient-based bi-level calibration optimization (Gong and
Ma 2025); and uncertainty-based frameworks tailored for
conversion-rate prediction tasks (Hu et al. 2025).
Bias-Variance and Stability. Estimators face intrinsic bias-
variance trade-offs. SNIPS, MRDR, DR-BIAS and DR-
MSE optimize for variance, bias, or joint bias-variance cri-
teria (Swaminathan and Joachims 2015; Guo et al. 2021;
Dai et al. 2022). MR and StableDR ensure stability un-
der severe MNAR, while TDR-JL optimizes robustness for
collaborative filtering (Li et al. 2023b; Li, Zheng, and Wu
2023; Li et al. 2023c). Recent hybrid objectives jointly opti-
mize multiple criteria, like bias-variance (MRDR-GPL) and
calibration-balancing (CBPL) (Zhou et al. 2023; Zhang and
Xia 2025). However, existing approaches optimize criteria
in isolation, and no prior work jointly integrates bias, vari-
ance, calibration, and feature balancing, motivating a unified
minimax propensity optimization framework.

Preliminary
Problem Setup
We adopt the potential outcome framework to formally char-
acterize selection bias in recommender systems. Let U and
I denote user and item sets, respectively. The target user-
item interaction space is D = {(u, i)|u ∈ U , i ∈ I}. For
each pair (u, i) ∈ D, xu,i ∈ Rd represents user-item pair



feature. ou,i ∈ {0, 1} is a binary indicator to indicate if user
u rates item i. If ou,i = 1, we can observe the correspond-
ing rating ru,i, otherwise, the ru,i is missing. Our goal is to
predict ratings for all pairs. Ideally, if we can observe all rat-
ings, the prediction model r̂u,i = f(xu,i; θ) can be trained
by minimizing the following ideal loss:

Lideal(θ) =
1

|D|
∑

(u,i)∈D

eu,i,

where eu,i = ℓ(f(xu,i; θ), ru,i) is the prediction loss. In
practice, ratings are partially observed with non-random
missingness. Minimizing loss only over observed samples
O = {(u, i)|(u, i) ∈ D, ou,i = 1} yields suboptimal predic-
tions, due to such a loss function is a biased estimation of
the ideal loss under data MNAR.

Propensity-Based Methods
To address selection bias, propensity-based methods are
widely adopted. Specifically, the propensity score is defined
as pu,i = P(ou,i = 1 | xu,i), i.e., the probabilities of observ-
ing ratings. We define p̂u,i as the learned propensity score
via a propensity model hψ(x). The Inverse Propensity Score
(IPS) method uses propensity to reweight observed samples,
training the prediction model by minimizing:

LIPS(θ) =
1

|D|
∑

(u,i)∈D

ou,ieu,i
p̂u,i

,

which is unbiased when p̂u,i = pu,i. Doubly robust (DR)
method further introduces an error imputation model, train-
ing the prediction model by minimizing:

LDR(θ) =
1

|D|
∑

(u,i)∈D

[
êu,i +

ou,i(eu,i − êu,i)

p̂u,i

]
, (1)

where êu,i = gϕ(xu,i) is the imputation of the prediction
error eu,i, learned by the following imputation loss

Limp(ϕ) =
1

|D|
∑

(u,i)∈D

[
ou,i(eu,i − êu,i)

2

p̂u,i

]
. (2)

DR-based estimators remain unbiased if either p̂u,i = pu,i or
êu,i = eu,i. However, both methods heavily depend on accu-
rate propensity learning and can suffer from high bias, high
variance, mis-calibration, and feature imbalance if propen-
sities are inaccurate. Due to IPS is a special case of DR with
êu,i = 0, we only discuss DR in the following.

Methodology
Recall that we empirically show control of one of the metrics
cannot guarantee the remaining in Figure 1. Therefore, we
propose a unified minimax optimization framework, termed
Unified Propensity Optimization (UPO), to make the learned
propensity simultaneously lead to small bias, small vari-
ance, well-calibration, with covariance balancing property.
Specifically, we first introduce the definition of four met-
rics and reveal the structural commonality among them, then
we introduce the proposed minimax algorithm in detail with
theoretical results.

Definition and Commonality of Four Metrics
• Bias: The bias of DR is defined as (Wang et al. 2019a):

LBias =
1

|D|

∣∣∣∣∣∣
∑

(u,i)∈D

(ou,i − p̂u,i)(eu,i − êu,i)

p̂u,i

∣∣∣∣∣∣ .
• Variance: The variance of DR is (Guo et al. 2021):

LVar =
1

|D|2
∑

(u,i)∈D

pu,i (1− pu,i)

p̂2u,i
(eu,i − êu,i)

2
. (3)

• Expected Calibration Error (ECE): The ECE of
propensity model is defined as (Kweon and Yu 2024):

LECE =

M∑
m=1

|Bm|
|D|

∣∣∣∣∣
∑

(u,i)∈Bm
ou,i

|Bm|
−

∑
(u,i)∈Bm

p̂u,i

|Bm|

∣∣∣∣∣ ,
where M is the number of bins and Bm is the disjoint
split bins. For example, if we use the equal-width to split
bin, then Bm =

{
p̂u,i : p̂u,i ∈

(
m−1
M , mM

]}
. This met-

ric measures the degree of mis-calibration in each pre-
specified bin.

• Balanced Mean Squared Error (BMSE): The BMSE
of propensity model in DR is defined as (Li et al. 2023d):

LBMSE =

∥∥∥∥∥∥ 1

|D|
∑

(u,i)∈D

(
ou,i
p̂u,i

− 1− ou,i
1− p̂u,i

)
ϕ(xu,i)

∥∥∥∥∥∥
2

,

where ϕ(x) is an arbitrary feature balancing function.
This metric measure the degree of feature balance of the
propensity model.

To control the above metrics, a naive way is to regard the
four loss functions as constraints during propensity learning.
However, the weight of each constraint is hard to determine.
In addition, due to there is infinite bin-splitting ways and
infinite choices of ϕ(x), we cannot calibration every pos-
sible situation. Therefore, to control all of them, we need
first to find the commonality between each metric. Note that
Bias, ECE, and BMSE include ou,i − p̂u,i, such a similar
structure motivates us to integrate these metrics into a sin-
gle loss function, and to adopt a unified minimax optimiza-
tion framework to minimize the worst case adaptively. Be-
fore introducing the framework, we need one more step for
Variance approximation, to transform the original Variance
to such similar structure1.

Lemma 1 (Variance Approximation) After taking the
main component in Taylor expansion of variance, LVar
defined in equation (3), around the true propensity score
p, we can obtain the following loss function for propensity
model training:

LVar-Tay =

2
1

|D|2
∑

(u,i)∈D

1− pu,i
p2u,i

(ou,i − p̂u,i)(eu,i − êu,i)
2.

1All proofs can be found in the Appendix in arXiv version.



However, due to we cannot assess the pu,i in practice, fol-
lowing (Guo et al. 2021), we propose the following unbiased
empirical form for propensity learning when p̂u,i = pu,i:

LVar-Emp =

2
1

|D|2
∑

(u,i)∈D

1− p̂u,i
p̂2u,i

(ou,i − p̂u,i)(eu,i − êu,i)
2.

The Unified Minimax Optimization Framework
Due to the calibration metrics require a bin splitting, we first
split the propensity range [0, 1] into M bins by pre-defining
the M − 1 split point. We can use equal-width split to make
the width of each bin as 1/M , or we can use equal-mass
split to ensure the same sample size in each bin. Then, we
propose the UPO loss as below:

LUPO =
1

|D|

M∑
m=1

∣∣∣∣∣∣
∑

(u,i)∈Bm

wu,i(ou,i − p̂u,i)

∣∣∣∣∣∣ , (4)

where wu,i are trainable weights parameterized by a neural
network. The Lemma below shows the relationship between
the proposed LUPO and each metric.

Lemma 2 (Upper-Bound Relationship) For Lupo defined
as Equation (4), the following upper-bound relationship
hold true by Jensen’s inequality:

Lupo = LECE for wu,i = 1,

Lupo ≥
√
LBMSE-abs for wu,i =

ϕ (xu,i)

p̂u,i (1− p̂u,i)
,

Lupo ≥ LBias for wu,i =
(eu,i − êu,i)

p̂u,i
,

Lupo ≥ LVar-Tay for wu,i =
2 (1− pu,i) (eu,i − êu,i)

2

|D| · p2u,i
.

The LBMSE-abs is defined below:

LBMSE-abs =

∣∣∣∣∣∣ 1

|D|
∑

(u,i)∈D

(
ou,i
p̂u,i

− 1− ou,i
1− p̂u,i

)
ϕ(xu,i)

∣∣∣∣∣∣ .
This Lemma shows that the LUPO loss is able to capture het-
erogeneity of each metric and resolve metric optimization
conflicts, forming the theoretical and methodological foun-
dation for the unified minimax optimization.

Unified Minimax Propensity Optimization
We now propose our Unified Minimax Propensity Optimiza-
tion (UPO) framework, designed to simultaneously opti-
mize bias, variance, calibration, and balancing in propensity
learning, i.e., addressing their optimization conflict, such as
bias-variance trade-off.

Unified Minimax Optimization Formulation Our UPO-
DR loss integrates standard cross-entropy (CE) with our uni-
fied bin-based residual loss:

LUPO−DR(p̂, w) = LCE(p̂, o) + β · LUPO(p̂, w), (5)

where β > 0 balances predictive accuracy and robustness
enforced by bin-based loss. Explicitly defined by Equation
(4), the adaptive bin-specific weights wu,i encapsulate cal-
ibration, balancing, DR bias, and DR variance information.
Specifically, we enforce robust optimization using a mini-
max objective:

p̂UPO−DR = argmin
p̂

{
LCE(p̂, o) + βmax

w
LUPO(p̂, w)

}
.

This formulation targets worst-case scenarios over adaptive
weights wu,i. By implicitly learning adversarial combina-
tions of the four metrics within each bin, UPO ensures ro-
bust and balanced performance.

Unbiasedness and Variance Reduction We provide the-
oretical guarantees on unbiasedness and variance reduction
properties of UPO-DR.

Theorem 1 (Unbiasedness of UPO Loss) When the
learned propensities are correct, as |D| → ∞ with finite
bin number M , our unified bin-based loss converges to zero
almost surely:

lim
|D|→∞

LUPO(p̂, w) → 0 almost surely.

Thus, with correctly learned propensities, LUPO vanishes
with increasing sample size. Next, we derive DR-UPO vari-
ance and its optimal variance value.

Theorem 2 (Variance Reduction of UPO-DR) Given the
UPO-DR loss as defined in Equation (5), its conditional
variance is V (LUPO−DR | o) = V (LCE)+β2V (LUPO)+
2β Cov (LCE,LUPO) , optimizing this variance w.r.t. β
yields:

β∗ = −Cov (LCE,LUPO)

V (LUPO)
,

then with minimal achievable variance:

V (LUPO−DR | o)|β=β∗ = (1− ρ2)V (LCE|o),

smaller than V (LCE|o), with ρ = Corr (LCE,LUPO).

The above theorem rigorously demonstrates variance re-
duction compared to using base propensity training loss LCE
alone. Furthermore, we would like to compare the (poten-
tially optimal) variance between our proposed UPO-DR loss
and a naive way of simultaneously controlling the four met-
rics, i.e., simply adding them one by one after the basic cross
entropy loss, named multi-metric loss defined below:

Lmulti-metric = LCE+

4∑
j=1

λj
1

|Bm|
∑

(u,i)∈Bm

w
(j)
u,i(ou,i− p̂u,i),

where j represent our four metrics, Bias, Variance, ECE, and
BMSE. In addition, wju,i is defined in Lemma 2.

Corollary 1 (Variance Comparison) The optimal vari-
ance of UPO-DR is strictly smaller than that of the naive
multi-metric estimator due to additional covariance terms
between metrics: V (Lmulti-metric)min > V (LUPO)min .

Hence, our UPO-DR provides rigorous variance reduction
relative to simpler multi-metric estimators.



Tightness Bounds
We rigorously quantify the approximation tightness between
our proposed Unified Propensity Optimization (UPO) bin-
based metrics and corresponding metrics (Bias, Variance,
and BMSE-abs). We generally denote Lmetric as the origi-
nal metrics and denote Lmetric

UPO as the loss in Equation 4 with
corresponding weights in Lemma 2.

Theorem 3 (Tightness Bounds) Given normalized feature
balancing function, ϕ(x) ∈ [−1, 1], the bin-specific bound-
ing factor is as follows:

Qbmse
m =

1

|Bm|
∑

(u,i)∈Bm

1

p̂u,i(1− p̂u,i)
, for BMSE-abs,

Qbias
m =

1

|Bm|
∑

(u,i)∈Bm

1

p̂u,i
, for Bias,

Qvar
m =

2

|D|
1

|Bm|
∑

(u,i)∈Bm

1

p̂u,i
, for Variance,

As |D| → ∞, with probability at least 1− η, we have the
following unified tightness bound for each metric:

∣∣Lmetric − Lmetric
UPO

∣∣ ≤
√

2
∑M
m=1 |Bm|2 (Qmetric

m )
2
log(2/η)

|D|2
,

where metric ∈ {Bias, Var, BMSE}. These explicit bounds
rigorously validate that our UPO formulation effectively
controls the original metrics.

Optimization Algorithm
This section formalizes the joint training pipeline of the
UPO-DR framework, which coordinates four models: (1)
adversarial weight model w = ω(x), (2) propensity model
p̂ = hψ(x), (3) prediction model r̂ = fθ(x), and (4) imputa-
tion model ê = gϕ(x). The algorithm 1 alternates optimizing
the adversarial weights and propensity model, then updates
the prediction and imputation models.

Semi-synthetic Experiments
We conduct semi-synthetic experiments using the Movie-
Lens 100K (ML-100K) dataset (Harper and Konstan 2015),
consisting of 943 users and 1,682 movies, with 100,000 rat-
ings between 1 and 5 being originally observed (missing rate
0.937). Our semi-synthetic study pursues two goals:

1. Diagnose limitations of single-objective learning. We
demonstrate insufficiency for reliable propensity estima-
tion if optimizing only one metric in bias, variance, cali-
bration, and balancing, given MNAR feedback.

2. Demonstrate the advantage of UPO. We evaluate
whether our UPO framework, delivers uniformly supe-
rior performance.

Experimental Setup. Following previous works (Schn-
abel et al. 2016; Guo et al. 2021), we first complete the
full rating matrix R by Matrix Factorization (MF). Then we
regard the completed synthetic rating matrix serves as the

Algorithm 1 Joint Training Algorithm for UPO-DR

1: Input:
2: Set of user-item features X;
3: Observation indicator matrix O;
4: All user-item pairs matrix D;
5: Observed outcomes for observed samples Ro;
6: Hyperparameters β;
7: while not converge do
8: for number of training iterations do
9: Sample (u, i) pairs {(uk, ik)}Kk=1 from D;

10: update the adversarial weights w via maximizing
LUPO(p̂, w);

11: update the propensity model hψ based on
LUPO(p̂, w) with adversarial weights;

12: end for
13: end while
14: while not converge do
15: for number of training iterations do
16: Sample (u, i) pairs {(uj , ij)}Jj=1 from D;
17: Update the prediction model fθ using DR loss,

LDR(θ) in Equation 1;
18: Sample (u, i) pairs {(us, is)}Ss=1 from O;
19: Update the imputation model gϕ using imputation

loss, Limp(ϕ) in Equation 2;
20: end for
21: end while

ground truth rating matrix Rgt. Then we map each rating to a
5-scale, based on the original rating quantile in Rgt, to align
the rating distribution with the unbiased data in Yahoo! R3
dataset. To generate the ground truth propensity scores pu,i,
we set pu,i = pk(ru,i), where k(ru,i) = 1, 2, 3, 4, 4 for rating
ru,i = 5, 4, 3, 2, 1. In our experiment, p ∈ {0.4, 0.5, 0.6},
representing varying levels of selection bias. We resample
observations from the assigned propensity scores to conduct
the observation indicator, i.e., ou,i ∼ Bernoulli(pu,i) to ob-
tain the observed data.

Experimental Details and Baselines. We evaluate the
performance of our method along with other propensity-
based methods controlling one of the four metrics. Specif-
ically, we compare the following six methods: DR-JL, the
baseline method with no additional control; DR-V2, opti-
mized for balancing; DCE-DR, optimized for calibration;
DR-BIAS, optimized for bias; MRDR, optimized for vari-
ance; UPO (Ours), controlling all four metrics.

Performance Analysis. Figure 1 and Table 1 present the
evaluation results of these six estimators under different
propensity settings. As demonstrated, single-objective meth-
ods such as DCE-DR achieve excellent calibration, but ex-
hibit poor performance in the other 3 metrics when p = 0.4.
Similar trends appear across other estimators and metrics. In
contrast, UPO well addresses the conflict between the four
metrics, achieving acceptable performance on all metrics,
and thus highlights the robustness of the UPO under data
MNAR. The results for p = 0.5, 0.6 can be found in our
arXiv version.



p = 0.4

Method ECE BMSE Bias Var

DCE-DR 0.2207 6.5044 0.0289 2.1499e-4
DR-BIAS 0.2249 5.6342 0.0216 1.9783e-4
DR-JL 0.2490 6.6144 0.0642 4.6684e-4
DR-V2 0.2323 0.6419 0.1857 1.6180e-4
MRDR 0.2271 6.4284 0.0357 1.0205e-4
UPO (Ours) 0.2232 5.5740 0.0238 0.5169e-4

Table 1: Semi-synthetic experiment with p = 0.4. The best
ones are in bold and the second best are underlined.

Real-world Experiments
Experimental Settings
Datasets We conduct experiments on three benchmark
datasets widely used in debiased recommendation tasks:
Coat (Steck 2010), Yahoo! R3 (Schnabel et al. 2016) , in-
cluding both MNAR and unbiased (MAR) ratings. Specif-
ically, Coat includes 290 users and 300 items with 6,960
MNAR and 4,640 MAR ratings, and Yahoo! R3 contains
5,400 users and 1,000 items with 311,704 MNAR and
54,000 MAR ratings. We binarize the ratings in Coat and
Yahoo! R3 datasets ≥ 3 to 1, and others to 0. Additionally,
we have also conduct our methods on the KuaiRec (Gao
et al. 2022) dataset to further demonstrate the generality of
our approach, including 1,411 users and 3,327 items, which
consists of a biased subset with 201,171 records and an un-
biased subset with 117,113 records. We binarize the ratings
in KuaiRec datasets greater than two to 1, and others to 0.
The results of Kuairec can be found in the arXiv version.

Baselines We compare our method against the follow-
ing representative baseline methods building on MF back-
bone (Koren, Bell, and Volinsky 2009): IPS (Schnabel
et al. 2016), SNIPS (Swaminathan and Joachims 2015),
ASIPS (Saito 2020a), IPS-V2 (Li et al. 2023d), KBIPS, AK-
BIPS (Li et al. 2024e), DR (Saito 2020b), DR-JL (Wang
et al. 2019b), MRDR-JL (Guo et al. 2021), DR-BIAS and
DR-MSE (Dai et al. 2022), MR (Li et al. 2023b), TDR (Li
et al. 2023c), TDR-JL (Li et al. 2023c), StableDR (Li,
Zheng, and Wu 2023), DR-V2 (Li et al. 2024a), KBDR and
AKBDR (Li et al. 2024e), DCE-DR and DCE-TDR (Kweon
and Yu 2024), and Cali-MR (Gong and Ma 2025).

Evaluation Metrics We adopt three standard evalu-
ation metrics for recommendation performance: AUC,
NDCG@T, F1@T. We set T = 5 for Coat and Yahoo!
R3 datasets, and T = 20 for KuaiRec dataset.

Implementation Details We use the same hyperparame-
ter search space and follow the results in Cali-MR (Gong
and Ma 2025) and we optimize penalization hyperparam-
eters by Optuna (Akiba et al. 2019). We adopt an equal-
width binning strategy. The adversarial weights are trained
with L2 regularization. The learning rate is selected from
{0.01, 0.05}, and weight decaying is tuned within {1 ×
10−6, 5 × 10−6, 1 × 10−5, . . . , 1 × 10−3, 5 × 10−3}. Ex-
periments were performed on NVIDIA A100 GPUs.

0.1 0.5 1 5 100.66

0.68

0.70

N
D

CG
@

5

Coat

NDCG@5
F1@5

0.48

0.50

0.52

F1
@

5

0.1 0.5 1 5 100.68

0.69

0.70

N
D

CG
@

5

Yahoo! R3

NDCG@5
F1@5

0.340

0.345

0.350

F1
@

5

Figure 2: Parameter sensitivity analysis on β.

Performance Analysis
Table 2 compares our proposed UPO method with existing
state-of-the-art estimators across two datasets. Clearly, all
IPS- and DR-based methods outperform the naive baseline,
showing the necessity of addressing MNAR bias. Among
these, DR-BIAS, MRDR, and DR-MSE further refine es-
timation by controlling bias, variance, and their trade-off.
DCE-TDR introduces propensity calibration into targeted
learning, while AKBDR employs adaptive kernel balancing
to enhance balancing.

Nevertheless, our UPO estimator consistently achieves
superior performance across all cases. Unlike methods ad-
dressing only one or two criteria, UPO explicitly manages
the complex trade-offs among calibration, balancing, DR
bias, and DR variance using a unified minimax approach.
This multi-criteria optimization leads to more robust and ac-
curate propensity estimates, demonstrating clear advantages
over existing state-of-the-art approaches.

Time and Space Analysis
We investigate the training time (in seconds) and the number
of learnable parameters of the compared methods. Experi-
ments were conducted on NVIDIA A100 GPUs, with results
shown in Table 3. We observe that our proposed UPO es-
timator does not significantly increase computational com-
plexity compared to other methods. Specifically, UPO main-
tains a comparable computational time vs other debiasing
estimators, like DR-V2 and DCE-DR, across three datasets.
UPO offers superior performance with minimal computa-
tional overhead.

Parameter Sensitivity Analysis
We investigate the sensitivity of the UPO framework to its
key regularization hyperparameter β in Equation (4). Figure
2 illustrates the changes in model performance on the Coat
and Yahoo! R3 datasets, as β varies in {0.1, 0.5, 1, 5, 10}.
On Coat and Yahoo! R3 datasets, despite changes in β, vari-
ations in NDCG@5 and F1@5 are minor, demonstrating
strong robustness to the choice of β. The sensitivity analysis
shows that our model is robust and reliable in applications.

Effect of the Number of Bins (M )
Figure 3 plots how four metrics and AUC are affected by
varying numbers of spitted bin on Yahoo! R3 dataset. As M
increasing, Figure 3 shows clear reductions in ECE, BMSE,



Coat Yahoo! R3
Method AUC NDCG@5 F1@5 AUC NDCG@5 F1@5

Naive 0.703±0.006 0.605±0.012 0.467±0.007 0.673±0.001 0.635±0.002 0.306±0.002
IPS 0.717±0.007 0.617±0.009 0.473±0.008 0.678±0.001 0.638±0.002 0.318±0.002
SNIPS 0.714±0.012 0.614±0.012 0.474±0.009 0.683±0.002 0.639±0.002 0.316±0.002
ASIPS 0.719±0.009 0.618±0.012 0.476±0.009 0.679±0.003 0.640±0.003 0.319±0.003
IPS-V2 0.726±0.005 0.627±0.009 0.479±0.008 0.685±0.002 0.646±0.003 0.320±0.002
KBIPS 0.714±0.003 0.618±0.010 0.474±0.007 0.676±0.002 0.642±0.003 0.318±0.002
AKBIPS 0.732±0.004 0.636±0.006 0.483±0.006 0.689±0.001 0.658±0.002 0.324±0.002
DR 0.718±0.008 0.623±0.009 0.474±0.007 0.684±0.002 0.658±0.003 0.326±0.002
DR-JL 0.723±0.005 0.629±0.007 0.479±0.005 0.685±0.002 0.653±0.002 0.324±0.002
MRDR-JL 0.727±0.005 0.627±0.008 0.480±0.008 0.684±0.002 0.652±0.003 0.325±0.002
DR-BIAS 0.726±0.004 0.629±0.009 0.482±0.007 0.685±0.002 0.653±0.002 0.325±0.003
DR-MSE 0.727±0.007 0.631±0.008 0.484±0.007 0.687±0.002 0.657±0.003 0.327±0.003
MR 0.724±0.004 0.636±0.006 0.481±0.006 0.691±0.002 0.647±0.002 0.316±0.003
TDR 0.714±0.006 0.634±0.011 0.483±0.008 0.688±0.003 0.662±0.002 0.329±0.002
TDR-JL 0.731±0.005 0.639±0.007 0.484±0.007 0.689±0.002 0.656±0.004 0.327±0.003
StableDR 0.735±0.005 0.640±0.007 0.484±0.006 0.688±0.002 0.661±0.003 0.329±0.002
DR-V2 0.734±0.007 0.639±0.009 0.487±0.006 0.690±0.002 0.660±0.005 0.328±0.002
KBDR 0.730±0.003 0.631±0.005 0.482±0.006 0.682±0.002 0.648±0.003 0.323±0.002
AKBDR 0.745±0.004 0.645±0.008 0.493±0.007 0.692±0.002 0.661±0.002 0.328±0.002
DCE-DR 0.736±0.006 0.648±0.007 0.489±0.005 0.698±0.002 0.670±0.002 0.333±0.003
DCE-TDR 0.740±0.004 0.651±0.006 0.489±0.007 0.701±0.002 0.672±0.002 0.331±0.002
Cali-MR 0.741±0.002 0.658±0.004 0.495±0.004 0.703±0.002 0.678±0.002 0.338±0.004

UPO (Ours) 0.749±0.003 0.691±0.002 0.515±0.002 0.717±0.003 0.694±0.004 0.345±0.003

Table 2: Performance comparison on Coat and Yahoo! R3 on AUC, NDCG@K and F1@K. The best results are in bold. The
standard deviation is obtained from 10 repeated experiments.
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Figure 3: Sensitivity of UPO to the number of bins M on Yahoo! R3. We report five evaluation criteria, ECE, BMSE, bias,
variance, and AUC, as M increases from 1 to 45 on Yahoo! R3 dataset. Performance stabilises once M≥10.

Coat Yahoo! R3 KuaiRec

Time Params Time Params Time Params

MRDR JL 1.82 56K 445.3 1574K 452.4 1704K
DCE-DR 5.71 57K 590.6 787K 795.0 3411K
DR-BIAS 1.80 56K 580.7 1574K 901.5 3409K

DR-V2 6.69 56K 500.5 4723K 902.1 9092K
DR-JL 4.52 28K 493.0 1574K 843.1 3409K

UPO (Ours) 5.02 113K 520.9 3149K 580.2 6005K

Table 3: Time and space analysis. Time (in s) is used for
the training duration, and #params denotes the number of
learnable parameters.

and variance, and a rise in AUC. Interestingly, an increase
in bias suggests we only need to split a few bins, which is
also a trade-off in practice between the performance of bias
and other metrics. In addition, the performance will become
stable when the number of bins exceeds a threshold.

Conclusion

In this paper, we propose a Unified Propensity Optimization
(UPO) framework to improve the accuracy of propensity
score prediction. Recognizing limitations of existing meth-
ods optimizing isolated metrics, we propose a unified for-
mulation integrating four critical criteria: ECE (calibration),
BMSE (feature balancing), bias, and variance. We revealed
structural commonalities among these criteria, enabling uni-
fied adaptive weighting. Then we developed a minimax opti-
mization approach with adversarial weighting. The theoreti-
cal guarantee of our method shows that UPO can control bias
and reduce variance compared to naive multi-metric com-
binations. Experiments on semi-synthetic and real-world
datasets, including an industrial dataset, validated UPO’s su-
perior empirical performance over several SOTA propensity-
based methods. One potential limitation is that we can adopt
a dynamic bin-splitting strategy to adapt our minimax algo-
rithm, rather than pre-specified bins.
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